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High-throughput sequencing technologies have revolutionized microbiome research by 22 allowing the relative quantification of microbiome composition and function in different 23 environments. One of the main goals in microbiome analysis is the identification of 24 microbial species that are differentially abundant among groups of samples, or whose 25 abundance is associated with a variable of interest. Most available methods for microbiome 26 abundance testing perform univariate tests for each microbial species or taxa separately, 27 ignoring the compositional nature of microbiome data. 28 We propose an alternative approach for microbiome abundance testing that consists on the 29 identification of two groups of taxa whose relative abundance, or balance, is associated 30 with the response variable of interest. This approach is appealing, since it has direct 31 translation to the biological concept of ecological balance between species in an ecosystem. 32 In this work, we present selbal, a greedy stepwise algorithm for balance selection. Human microbiome research, focused on understanding the role in health and disease of 44 microbes living in the human body, has experienced significant growth in the last few years. 45 High-throughput sequencing technologies have revolutionized this field by allowing the 46 quantification of microbiome composition and function in different environments. Large 47 scale projects, like the Human Microbiome Project (1) , (2) or MetaHIT (Metagenomics of the 48 Human Intestinal Tract), have established standardized protocols for creating, processing 49 and interpreting metagenomic data (3). However, the analysis of microbiome data for 50 differential abundance or association with sample metadata is still challenging. 51 52 Typically, after DNA sequencing, bioinformatics preprocessing and quality control of the 53 sequences, an abundance table with the number of sequences (reads) per sample for 54 different microbial species (taxa) is obtained. Total number of sequences for each sample Working with proportions, that is, relative abundances instead of raw abundances, does not 62 solve the problem since there is a dependence structure in the data that may lead to 63 misleading results such as spurious correlations or incoherent distances (6) , (7) . 64 Rarefaction, which consists of random sampling of the same number of sequences for each 65 sample, is similar to working with relative abundances. Though rarefaction might be 66 convenient for richness and diversity analyses and avoids the problem of different sample 67 depth, it supposes a loss of information and the increase of Type I error for differential 68 abundance analyses (4). Other normalization alternatives, developed for RNA-Seq, are also 69 applied in microbiome analysis for dealing with the problem of different number of counts 70 per sample through variance stabilizing transformations (5). However, these RNA-Seq 71 proposals also present problems with the false discovery rate when library sizes are very 72 different among samples (8).
74
An alternative approach to rarefaction and normalization methods for microbiome analysis 75 is to acknowledge the compositional nature of microbiome data and to use the 76 mathematical theory available for compositional data (CoDa). Compositional data is defined 77 as a vector of strictly positive real numbers carrying relative information. Relative 78 information refers to the fact that the information of interest is contained in the ratios 79 between the components of the composition and the numerical value of each component 80 by itself is irrelevant (9). 81 As mentioned before, raw microbiome abundances are by itself non-informative since they 82 depend on technical artifacts such as sequencing depth. Thus, microbiome data fits the 83 definition of compositional data except for the fact that microbiome abundance tables 84 contain many zeros. Assuming that observed zeros are rounded zeros, meaning that they 85 correspond to values below the detection limit, they can be replaced by a positive value or 86 pseudo count (10) so that CoDa analysis in terms of relative abundances between groups of 87 microorganisms can be applied.
89
Several recent works acknowledge the compositional nature of microbiome abundance 90 data and propose their analysis accordingly (11, 12) . Most of these approaches consider the 91 centered log-ratio transformation (clr) and perform relative abundance testing for each clr 92 transformed component, which is given by the logarithm of the component divided by the 93 geometric mean of all the components in the sample. This allows the identification of clr 94 transformed components that are associated with a specific characteristic of interest. 95 However, the interpretation of such association is not straightforward because the clr 96 transformation involves the abundances of all the taxa in the sample. 97 Instead, we propose to perform microbiome relative abundance testing by identifying two 98 groups of taxa whose relative abundance is associated with the phenotype of interest. For 99 this we use the notion of balance between two groups of components of a composition, 100 which is a central concept in CoDa analysis.
102
Mathematically, a balance is defined as follows. Let = ( 1 , 2 , … , ) be a composition 103 of the number of counts for k different microbial species or taxa. Given two disjoint subsets 6 of components in , denoted by + and − , indexed by + and − , and composed by + and 105 − taxa, respectively, the balance between + and − is defined as: Recently, some authors have proposed the use of CoDa approaches for microbiome analysis 123 with different objectives such as the differential abundance between groups (14), 124 differentiation of niches (15), or the inclusion of phylogenetic associations between the 125 components included in the study (16) . 126 127 In this work, we propose an algorithm for the identification of balances between groups of 128 taxa that are associated with a dependent component of interest. This approach provides a 129 new perspective to differential abundance and microbiome association studies. Starting 130 with the balance composed by only two taxa that is most associated with the response, the 131 algorithm performs a forward selection process and, at each step, a new taxon is added to 132 the existing balance so that the specified association criterion is maximized. The algorithm 133 stops when none of the possible additions improves the current association. We also present the results of a Crohn's disease study (18) . Only patients with Crohn's 154 disease (n = 662) and those without any symptom (n = 313) were analyzed. The information 155 was obtained from MiSeq TM 16SrRNA sequence, agglomerated to the genus level, resulting 156 in a matrix with information of 48 genus for 975 samples. In this case, the goal is to identify 157 groups of taxa whose abundance balance is associated with Crohn's disease.
159
Microbiome and HIV status 160 The main goal of this analysis is to find a microbiome balance associated with HIV-status, 161 that is, a microbiome balance that is able to discriminate between HIV-positive and HIV- Crohn's disease is an inflammatory bowel disease (IBD) linked to microbial alterations in the 208 gut (18) , (19) . We ran selbal.cv algorithm with the goal of identifying groups of taxa whose 209 abundance balance can discriminate between individuals with Crohn's disease from those 210 without the disease. 211 The optimal number of components in the balance is twelve according to the MSE criterion The initial matrix of counts in a microbiome study, denoted by ̃, typically contains zeros. 311 In order to apply the mathematical theory of compositional data, the observed zeros are 312 assumed to be non-structural zeros but a consequence of under detection limit. They are 313 replaced by a positive value using a Bayesian-Multiplicative replacement (10) We perform a cross-validation procedure with two goals: (1) to identify the optimal number 366 of components to be included in the balance and (2) to explore the robustness of the global 367 balance identified with the whole dataset. 368 The cv procedure is implemented in the selbal.cv function. 369 For each cv process, the dataset is divided into K folds (default value, K = 5 Once the optimal number of components has been chosen, all the balances obtained 389 in the cv procedure are reduced to components. Then, a frequency table is built both 390 for balances and for individual components. This information, available in the output of 391 selbal.cv, is summarized in a table as those shown in Figure 3 , Figure 6 and Figure 9 . The cv process also provides the association or discrimination value for each balance in the 394 cv which can be used as a more accurate measure of association or discrimination of the 395 global model. Figure 9 
